ABSTRACT A real-time awareness of an individual's affective state is the goal of the affect-aware city. Being aware of different affective states can be useful to enhance a citizen's quality of life and their experiences. In this paper, we aim to provide new insight to the affect-aware city and analyze individual experiences in regards to basic human needs. We propose a theoretical based multi-layer framework for a psychological needs analysis that is guided by research in the field of motivational psychology. The framework's layers are constructed to identify the psychological needs, measure their satisfaction level, and assess the individual's surrounding environment in different aspects of life. We created a psychological needs corpus: a collection of Twitter posts annotated based on three universal needs proposed by the self-determination theory framework. Several techniques were employed to encourage high-quality annotations. We provide descriptive statistics of the annotated corpus. This corpus can be used in the development of automatic detection systems and predication models to detect individual needs and measure their satisfaction. It can also be used to better interpret and understand the individual's surrounding social contexts.
I. INTRODUCTION
The use of social media networks and micro-blogging platforms in particular, has grown dramatically over the last few years. Users of these micro-blogs present themselves to the world and share their observations about their surrounding environment in real-time, primarily in the form of text and other supported media such as images and videos. Twitter is one of the most popular microblogs, with 313 million active monthly users worldwide who post an average of 6,000 tweets every second. 1 People frequently use Twitter to broadcast their activities and observations and share their opinions about a wide variety of topics and events. The dynamic nature of these micro-blogs and the amount of usergenerated content that is publically available and openly shared has attracted the interest of the research community in the field of smart cities. This rich, valuable and reliable content generates numerous possibilities for researchers in different domains. It has been used in large-scale temporal and geographical analyses and studies to complement traditional physical sensors. For instance, Twitter data has been 1 https://about.twitter.com/company used to cover crucial events and public responses such as reporting an attack [1] and recognizing criminal content [2] . Also, it has recently been used to leverage new political information and predict election results [3] , as well as explore different standpoints [4] . For real-time awareness, it is used as a data source to gather information about disasters and earthquakes [5] .
Moreover, social media and microblogs disclose a vast amount of personal data, including users' daily thoughts, feelings, and emotions, through their textual self-descriptions and real-time status updates. This is considered to be a rich source of information to help understand the behaviors and affective states of individuals. For example, a large part of the existing research focuses on general dimensions sentiment analysis and opinion mining, using three polarity categories: positive, negative and neutral [6] , [7] . Some studies go beyond the general sentiment analysis and deeply recognize distinct and dimensional emotional categories [8] , [9] . Certain recent studies have also explored more distinguishable long-term affective states such as personality [10] and mood [11] .
The awareness of an individual's different affective states include the aggregation and analysis of emotions, mood and personality; information that is then utilized to improve user experiences and quality of life, as stated by the Affect-Aware City vision [12] . Despite all the works that have been done thus far to analyze human affective states, basic needs have, to date, received very little attention. Therefore, we want to shed the light on the importance of understanding the causes of an individual's emotions and the underlying motivations behind their actions, as explained by the Human Needs Theories (HNT) [13] . The main theoretical premise behind HNTs is the understanding of the implicit underlying motivations that affect a broad range of behaviors and define many actions across various situations [14] , [15] . According to humanistic psychologists such as Abraham Maslow, Manfred Max-Neef, and Marshall Rosenberg: Everything an individual tends to do in his/her life results from a hunger to meet his/her underlying needs [16] - [18] . For this reason, being aware of an individual's basic needs, in a smart city context, can provide the root explanations of an individual's feelings and help predict their future behaviour. This awareness can be utilized by city planners and decision makers to adapt the city's services and plans in order to avoid any conflicts and violence [19] .
To the best of our knowledge, there is no existing work that explores and analyzes social network content in regards to human needs from a psychological well-being perspective. Thus, in this work, we aim to provide new insight to the affectaware city by analyzing individual experiences concerning basic human needs.
The remainder of this paper is structured as follows: Section (II) gives an overview of existing and relevant work on constructed and annotated datasets for affective states analysis from social media data. In Section (III), we provide a theoretically-based framework to analyze collective needs concepts in terms of basic needs, satisfaction levels, and a social context evaluation related to various life domains. We discuss the framework design based on different human need concepts and theories. In Section (IV-A), we illustrate the data collection. In Section (IV-B), we discuss the results of the inter-annotator agreement study. We present some statistics calculated on the full annotated corpus in Section (IV-C). Next, in Section (V), we list possible applications for the dataset. Finally, Section (VI) provides conclusions and future work.
II. RELATED WORKS
Using social media data, many researchers have detected and analyzed different types of human affective states. A considerable amount of prior research has been directed towards general sentiment analysis, which has typically focused on recognizing the polarity dimensions. Pak and Paroubek [6] have explored the approach of using happy and sad emoticons to create a corpus that automatically labels 300,000 Twitter posts and divides them into positive or negative classes. For the neutral class, he used objective tweets from newspaper accounts. In a similar work [7] , Kouloumpis et al. demonstrates their method of combining hashtags with emoticons to automatically label tweets. They selected the top hashtags that reflected the sentiments of the tweets and considered them as labels. Other work studied specific types of sentiments expressed in Twitter [20] . They manually labeled 3,852 hashtags with five different sentiment categories, namely: strongest sentiment, most likely sentiment, contextdependent sentiment, focused sentiment and no sentiment. They then used the hashtags and 15 smileys as labels for the sentiments.
Moreover, several studies have attempted to provide an in-depth analysis of distinct and dimensional emotion categories. In [8] , they manually labeled a corpus of 8,150 tweets with Ekman's six basic emotions: anger, disgust, fear, joy, sadness, and surprise, as well as with an additional category of neutral. A similar work also created a corpus consisting of 7,000 tweets, manually annotated with Ekman's six basic emotions as well as the love emotion [21] . The tweets in their corpus were collected using a specific predefined list of 14 emotional topics such as #Christmas and #Valen-tine's Day. Other works investigated an automatic method for emotion labeling using hashtags for self-annotation. Purver and Battersby [22] , used two different predictable markers: emoticons and hashtags, to retrieve and explicitly label tweets with Ekman's six emotions. Following the same method, Mohammad [23] introduced a corpus called the Twitter Emotion Corpus (TEC) consisting of 20,000 automatically labeled emotional tweets. Most of the identification studies were based on the six basic emotions originally proposed by Ekman for facial expressions, which limits the richness of the actual human emotional experiences in text. Researchers in [9] aimed to explore all the possible emotions expressed in tweets with no predefined list of categories or specific psychological models. They presented a 5,553 tweets corpus that was annotated manually with 28 distinct emotion categories.
Some researchers have also begun to deeply understand emotions by investigating their dimensionality. For instance, the authors in [24] used hashtag-based labeling to automatically label 134,000 tweets with two-dimensional space: Valence and Arousal, as proposed by Rusell's Circumplex Model. Other works used Plutchik's dimensional model and automatically labeled 5.9 million tweets with eight basic bipolar emotion categories [25] . Other recent work assigned four dimensions, based on the Fontaine model (pleasantness, arousal, dominance and unpredictability), to 24 emotion hashtags and created a dataset with 58,000 tweets [26] .
In regards to long-term affective states, there are few existing works that capture and analyze human moods based on social media. For example, in [11] the construction of their corpora of 9 millions tweets, they matched terms from the Profile of Mood States POMS-ex instrument, which include six dimensions of moods: tension, depression, anger, vigor, fatigue and confusion to tweets. Counts and Gamon [27] used the Circumplex Model and manually identified 203 mood indicator words and used them as hashtags to create a 10.6 million tweets dataset. In [28] , researchers manually created a mood lexicon containing 172 terms and linked them to the 11 effects of PANAS-X: fear, sadness, guilt, hostility, joviality, self-assurance, attentiveness, shyness, fatigue, surprise, and serenity. Using the mood terms as hashtags, they collected 6.8 million tweets labeled with 127 moods and 11 effects.
Moreover, Twitter data and social behaviors have been used to predict the five personality dimensions: openness, conscientiousness, extroversion, agreeableness and neuroticism. In [10] , they collected public tweets along with social activities for 71 users who had taken the big-five personality test, in order to study the correlations. They found that social behavior on Twitter, including: network bandwidth, message content, pair behaviour, reciprocity of actions, informativeness and homophily could be a strong indicator of personality traits.
Less attention has been directed to the analysis and identification of the basic psychological needs and their expressions from social media. IBM research group [29] have attempted to predict human needs based on consumer behaviour and product categories on Twitter. They developed their own needs psychometric using Ford's needs model, which proposes a needs classification inspired by the Maslow hierarchy of fundamental needs [17] . Ford's model includes 12 needs categories that correlate and explain consumer behaviour, namely: structure, practicality, challenge, self-expression, excitement, curiosity, liberty, ideal, harmony, love, closeness and stability. They collected the ground truth data through crowd source studies. Participants from the United States (US) answered the questions in the psychometric test and wrote about three products they would like to buy or need and why. Based on the responses, the authors collected tweets with product categories that matched the needs described in the model. For each product category, they used Amazon to list product names that belong to this category and then used these names as search queries to retrieve tweets. A total of six million tweets were collected in their datasets. As we can see, the model used in their study is constructed based on marketing practice and associated with products and services properties, which differs from our work in goal and scope. Based on the Manfred Max-Neef need theory, the ways people satisfy their needs, called satisfiers, are changeable across gender, age and culture, and even for the same person in time [16] . Therefore, we cannot rely on satisfiers to predict the needs categories. This motivates us to develop an annotation framework to analyze social media textual data for basic needs concepts from a psychological well-being perspective.
III. A THEORETICAL-BASED MULTI-LAYER FRAMEWORK
To develop the psychological human needs analysis framework, we imported and utilized knowledge about human needs from several psychological theories and used it as our foundation in order to form and structure the framework layers [30] , [31] . At the same time, we explored publicly available posts from Twitter to reveal some connections between the multiple dimensions of an individual's basic needs and social media textual data. explains the framework in greater detail, including examples from tweets.
The first layer of the framework is constructed based on the relationship between needs and emotions. Needs are similar to illnesses and medical conditions; they are invisible, yet they can be observed and detected by signs, which as most psychological need theories indicate, are emotions. As humans, our underlying basic needs are strongly correlated with emotions and feelings. The Self-Determination Theory (SDT), which is a broad theory of human motivation and one of the most widely accepted theories that concern human needs and personality traits, states that in our daily language, needs can be expressed through feelings and emotions which will later direct and motivate our behaviors and actions [32] . Therefore, the first layer aims to verify the emotional content, focusing on whether or not the social media textual data truly reflects the individual's emotional state. For instance: the tweet in the following first example has #emotional word, which is #Joy, but it does not express the author's feeling. It describes a movie called Joy. On the other hand, the tweet in the second example truly expresses the author's emotion, which is happy. This layer filters out tweets with non-emotional content such as the first example and keeps only emotion related tweets that reveal information about the individual's emotional state such as the second example.
• ''#Joy movie full of emotions ''
• ''I will relive this weekend forever and always. I've never been so happy in all aspects of my life.
#happy''
The second layer is the core element of the psychological basic needs framework. It identifies the type of psychological needs that are present underneath emotional states.
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The objective of this layer is to consider the basic and fundamental needs that are required for an individual to feel satisfied, in order to promote well-being and prevent conflict and violence [33] . Therefore, it builds mostly upon the concepts of the SDT. One of the leading reasons to prefer this theory is that the Basic Needs Theory (BNT), which is a sub-need theory within the SDT framework, proposes psychological needs that are innate, fundamental, and universal. They can be applied to all individuals, regardless of their gender, age, culture, ethnicity, religion, or socioeconomic status [34] . This aligns well with our vision of analyzing the diversity of social media users and content. Moreover, the three needs proposed by the BNT have been recognized as true psychological needs among 10 candidates [35] . The three basic psychological needs categories used in this layer include the need for Autonomy, Competence, and Relatedness. The need for autonomy can be defined as the feeling of self-direction. Individuals need to experience a sense of willingness and need to take control of their own behaviour without any external pressure. The need for competence can be defined as the need to feel capable and effective while interacting with the environment. People need to adapt to the changing environment, master challenges, and learn different skills. Finally, the need for relatedness can be defined as a person's feelings of belonging, attachment and meaningful relationships with others, specifically, relationships with friends and family and with larger groups or communities (e.g. religious or political).
To the best of our knowledge, no psycholinguistic resources have been developed to explain the different ways in which individuals express their inner psychological needs (explicitly or implicitly) on social media using textual data. This has led us to design our annotation guideline based on the basic needs definitions and the existing psychometric scales that are traditionally used to measure needs. Each concept in the framework has been explained with definitions and examples as well as with psychometric statements. The guideline are comprised of standard psychometric scales (general and domain specific scales) that were verified and validated by psychologists [30] , [34] - [36] . The following tweets examples show some different ways in which individuals express their needs based on the second layer.
For autonomy need category: [31] . For example, if someone feels lonely he/she might need to feel connected with others, which is linked to the need for relatedness.
The proposed third layer is to measure the level of the satisfaction with the needs identified in the previous level. The experienced emotions usually signal the state of fulfillment of the needs. Positive and pleasant emotions (e.g., happy, pride, excitement) arise when the need has been met and satisfied, while unmet needs generate negative emotions (e.g., sadness, shame and loneliness) [31] , [32] . Thus, the polarity and the intensity of the emotions that are experienced help to determine the state of fulfillment of the needs. Also, more attention should be given to the emoticons included in tweets since they are used frequently in Twitter to express emotions due to the 140 character limits. The following examples show tweets with the categories of satisfaction levels they were given based on the third layer.
Tweets from the satisfied need category:
• ''I am a girl with dreams and vision both! #independent #proud'' • ''I think re-potting my plant was the exact emotional equivalent of a parent sending their kid to college #ner-vous #excited #proud'' Moreover, the fourth layer has been proposed to evaluate the quality of the individual's surrounding environment in light of his/her human needs. This layer aims to assess and better understand the way different social contexts affect the individual's satisfaction level. The main theoretical premise underlying the construction of this dimension is that individuals require supportive environments to satisfy their basic psychological needs in order to promote personal growth and psychological well-being. On the other hand, if an individual's surrounding environment does not nurture but instead thwarts their well-being, their basic needs will not be fulfilled and their emotional wellness will be affected negatively. Social contexts, which range from interpersonal relationships, such as family, friends and classmates, to more general settings and distal contexts such as social structures, cultural norms and values, as well as economic and political systems, influence the availability of such supports. For every need experienced in a tweet, this layer identifies the type of social context and determine whether it supports or thwarts the satisfaction of the need.
The fifth layer in the framework represents the various aspects and domains of an individual's life. Since basic needs must be satisfied across all life domains [37] , we measure the needs satisfaction and evaluate the social contexts in nine life domains including: family, social relations, work, education, government, leisure, health, religion aspects and general life evaluation. The following examples explain how we evaluate the social contexts in tweets for different life aspects based on the fourth and fifth layers.
For supportive social contexts category: To build our corpus we selected the Twitter microblog as our data source. Twitter is a dynamic platform where individuals frequently update their status to declare their thoughts, share their opinions and express their feelings and emotions. Moreover, Twitter data reflects the way individuals perceive their surrounding environment in real-time. Therefore, this user-generated content can be used as a source of data for a deeper understanding of the hidden motivations behind an individual's behaviors and actions. To collect the data to construct our corpus and reduce the number of useless and noisy tweets in the collection, we relied on the previously explained relationship between psychological needs and emotions. We needed to collect tweets that expressed emotions. To ensure our selection was accurate, we selected an appropriate emotional classification model that explores the nature of human emotions and encompasses all possible emotion categories. Thus, we adopted an emotional model that has conceptualized over 100 emotion categories into a three-level hierarchical structure: primary, secondary and tertiary [38] . The primary level contains the six basic emotions of love, joy, surprise, anger, sadness and fear. The secondary level contains a list of 25 distinct emotion subcategories of the six basic emotions. In the tertiary level, each secondary emotion is comprised of deeper emotion categories that vary in their intensities. For instance, the basic emotion sadness has distinct subcategories such as suffering, disappointment, and shame. The latter has even deeper emotions with different intensities, such as guilt, regret and remorse.
In the next step, we followed the methodology explained in [39] to obtain a collection of tweets that are automatically labeled with the above emotion categories. The use of hashtags has been proven by other studies, including [23] and [21] as an effective way of collecting tweets that are automatically labeled with emotion categories. All the emotion categories listed in the three levels of the emotional model were directly adopted and assigned to emotional hashtags, such as #surprise, and were then used as queries to collect tweets along with various synonyms and word tenses. For example, for surprise we used #surprise, #surprised and #surprising. Other frequently used terms were also added, for example #wow, which is used to express the emotion of surprise. We also retrieved tweets containing the emotional keywords as a part of the hashtags, like #StressedOut, #kindascared and #imsolonely.
The Twitter Search API was used for the period of September 11, 2015 to December 31, 2015 to collect English-language tweets filtered by the predefined emotional hashtags. The search script ran daily at several different times for each emotion category, in order to obtain a wide variation of data. A total of 313,210 tweets posted by 170,202 different users were collected. Each collected tweet is combined with its metadata, explained in Table (1). To ensure data quality, we filtered out duplicate tweets, tweets with less than three words and tweets with more than three hashtags. This left us with a sample of 205,240 unique tweets. Because Twitter's textual data is unstructured and noisy, further filtering was performed to remove useless words (syntax elements) before the annotation process. For example, all usernames (@username) and URLs (links, images and videos) within a tweet were removed (since we are focusing on just textual information in this stage and the images and videos will be integrated ). Emoticons, punctuation marks (i.e., !!, ?) and social acronyms and abbreviations (i.e., b4 for before and BR for best regards) were kept since they are meaningful to emotion expression and are frequently used on Twitter due to the 140 characters limitation. After all the above filters were applied, we randomly sampled approximately 18,847 tweets for our annotation process.
B. INTER-RATER RELIABILITY
To encourage high-quality annotations, the process followed three stages. In the first stage, comprised of a few rounds, annotators underwent training sessions and collectively labeled tweet samples to ensure they fully understood the annotation process and the kind of annotations required. Since we are dealing with informal text from social media, we demonstrated each layer in the framework using examples obtained from Twitter messages. An expert in SDT reviewed all of the examples in the annotation guidelines. To maximize the annotator's performance, we developed an annotation tool to apply the full annotation scheme and to increase the speed of the process. The tool displays the tweets, allowing the annotators to select from predefined categories. The primary researcher and two annotators from the field of psychology participated in the annotation process. Once the training sessions were completed, the process was clear and well defined, and all annotators agreed on the general standards. In the second stage, which was an evaluation stage, all annotators were assigned the same set of tweets and asked to label them independently to assess their agreement. The annotators labeled each tweet displayed in the tool with the corresponding category from the annotation scheme, as explained before.
We assessed the Inter-Rater Reliability (IRR) to determine the degree to which annotators agreed with the assignment of the predefined categories specified in the annotation scheme to a subset of tweets by using two measurement methods. As seen in Table ( 2), the first method is the average of the pairwise agreement between the annotators, presented as percentage. This method calculates the percentage of the data agreed upon by all the annotators. A matrix has been created in which the columns represent the three annotators and the rows represent a subset of tweets. The cells in the matrix contain the nominal labels for each tweet, as determined by the annotators. The percentage is calculated as the number of agreements in the annotations divided by the total number of the annotated tweets.
In the second measurement, we utilized the Fleiss Kappa metric, which is a statistical method used widely to measure the agreement between multiple annotators in labeling many categories [40] . The Fleiss Kappa measurement not only calculates the percentile agreements, but also considers the possibility of agreements between annotators occurring by chance. Kappa ranges from 0 to 1.0, with 1 reflecting perfect agreement and 0 reflecting agreement that occurs by chance.
Based on the reasonable agreements that were achieved between the annotators across all layers, it seems reasonable to move forward to the last stage, which is an independent annotation stage where each of the annotators were given a set of tweets to label it individually. In this stage, each annotator annotates a different subset of tweets that is randomly selected to maximize the number of instances in the dataset and reduce the load on each annotator. At the end of this stage, approximately 18,847 tweets were labeled manually.
C. STATISTICS
The data analysis in Figure ( 2) charts (a) and (b) show that out of the 18,847 annotated tweets, 66% of tweets that contained emotional tags did not reveal true emotions, such as in the following example:
• ''#Love, Rosie is the best movie I've ever seen ''
Others did reflect emotions, but there was not enough information to indicate the underlying need, such as in the following tweet:
• ''It's actually just not fair that I can't sleep tonight #miserable''
• ''#Regret''is the worst feeling These types of tweets are ignored in the first layer which are around 12513 of tweets. Only 34% of tweets (6334 tweets) that reflect an individual's emotions and convey their psychological basic needs are kept, which constructed the Basic Psychological Need Corpus. All the data, annotations and the guideline are released for public. 2 Upon taking a closer look at the distribution of emotions in the corpus, represented by chart (a) in Figure ( 2), we noticed that the most common emotion category is joy at 41%, followed by sad with 25%. The least frequent emotion is surprise with 1%. Approximately 60.98% of the tweets in the corpus include a single hashtag corresponding to one emotion category, and 38.83% contain multiple hashtags that represent multiple emotion categories or are combined with current events or personal topics. For instance: shows the distribution based on basic needs categories. It can clearly be seen that relatedness is expressed nearly twice as often as the other needs categories, with 52.71%. Autonomy at 27.96% and competence at 19.4% came in second and third, respectively. The most likely explanation of this distribution is that tweets were collected during the occurrence of special events, such as Thanksgiving, Christmas, and New Year's, which is when most social activities happen. The distribution of the satisfaction levels among the tweet data in Figure ( 3) chart (a) shows that the corpus has nearly equal numbers of instances of satisfied 41.7% and dissatisfied 51.9%, while 2.25% of the tweets are neutral. In social context types, as can be seen from Figure (3) chart (b) , there is an unbalanced distribution between tweets that reflect supportive social context types, which represent 14.8% of the corpus, and tweets that reveal non-supportive social context types, which represent 30.35% of the corpus. Slightly over half of the tweets in the corpus 53.53% lacked enough information for us to identify the type of social context. Figure ( 3) chart (c) summarizes the frequency distribution of the life aspects categories in the corpus. Of the nine life aspect categories, about 34.24% of the corpus consists of tweets related to the social relation aspect, which is considered the most frequent aspect, whereas only 1% of the tweets express basic needs related to the religion aspect.
V. APPLICATIONS
The objective of this research is to consider the basic and fundamental needs that are required for an individual to feel satisfied in order to promote well-being and prevent conflict and violence [13] , [33] . The corpus that we have constructed is annotated with different psychological need concepts as well as three levels of emotional categories that can be used in a variety of applications and analysis experiments. For instance, identifying the basic psychological needs in the first and second layers can be used for marketing and recommendation scenarios. Also, as seen in Figure (4) , using the third level of the dataset, many distinct psychological states and experiences can be predicted. A considerable amount of experimental studies have proven that the satisfaction or thwarting of the three needs can be significant indicators of an individual's quality of life and wellbeing [34] . Each one of the basic psychological needs can be used to predict well-being as they all have an independent and direct effect on an individual's emotional well-being in terms of personality traits and monetary experiences [41] , [42] . Additionally, the dataset can be used to predict stress. The level of need satisfaction is associated with the way in which individuals deal with stressful situations. Individuals with a high level of need satisfaction are likely to feel less stressed, while those with a lack or low level of needs satisfaction are more likely to experience high stress. Furthermore, human need theories provide valuable insight into the primary causes of conflict and the root of violence by claiming that unmet needs lead to violence and conflict. Since needs are fundamental, individuals and groups will do whatever it takes to attain their basic needs, even engage in violence if they see no alternative. Rosenberg, in (NVC), argued that violence is a tragic expression of unsatisfied needs, and his model has since been used to solve conflict situations [18] , [31] , [33] . Hence, the dissatisfied needs subset from layer three could also be used to predict conflict and violence.
VI. CONCLUSION
We present a multi-layer framework to analyze psychological basic needs from microblog textual data, based on the knowledge of several well-known human needs theories and concepts. We have introduced a basic psychological needs corpus consisting of 6,334 tweets that capture and analyze explicit and implicit human needs expressions. The corpus was annotated with emotion categories, psychological needs, levels of satisfaction of the needs, types of social contexts and life domains. The annotations were performed manually by the primary researcher and two psychologists. To ensure high-quality annotations, we designed an annotation guideline based on several validated psychometric surveys. We also conducted an Inter-Rater Reliability study to measure the agreement between the two annotators. We analyzed the dataset to show its distribution and properties. For future work, the dataset can be extended to cover more types of needs based on other theories and can be enriched to cover more contexts and life domains, using the same general methodology.
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